An important general concern in cancer research is how diverse genetic alterations and regulatory pathways can produce common signaling outcomes. In this study, we report the construction of cancer models that combine unique regulation and common signaling. We compared and functionally analyzed sets of genetic alterations, including somatic sequence mutations and copy number changes, in breast, colon, and pancreatic cancer and glioblastoma that had been determined previously by global exon sequencing and SNP (single nucleotide polymorphism) array analyses in multiple patients. The genes affected by the different types of alterations were mostly unique in each cancer type, affected different pathways, and were connected with different transcription factors, ligands, and receptors. In our model, we show that distinct amplifications, deletions, and sequence alterations in each cancer resulted in common signaling pathways and transcription regulation. In functional clustering, the impact of the type of alteration was more pronounced than the impact of the kind of cancer. Several pathways such as TGF-b/SMAD signaling and PI3K (phosphoinositide 3-kinase) signaling were defined as synergistic (affected by different alterations in all four cancer types). Despite large differences at the genetic level, all data sets interacted with a common group of 65 "universal cancer genes" (UCG) comprising a concise network focused on proliferation/apoptosis balance and angiogenesis. Using unique nodal regulators ("overconnected" genes), UCGs, and synergistic pathways, the cancer models that we built could combine common signaling with unique regulation. Our findings provide a novel integrated perspective on the complex signaling and regulatory networks that underlie common human cancers. Cancer Res; 71(10);
Introduction
Cancer is a complex collection of diseases characterized by common phenotypic and molecular hallmarks, which result from a staged evolutionary process fueled by random genetic and epigenetic alterations and clonal selection (1) . Advanced tumors feature a large number of DNA changes of different types, such as chromosomal rearrangements, deletions, gene amplifications, and point mutations. Recent large-scale resequencing projects of multiple cancers have shown that (a) cancers of different origins have different landscapes of somatic "driver" mutations and (b) individual tumors of the same type are highly heterogeneous in the content of mutated, deleted, and amplified genes. The sheer volume of sequencing data, the large number of genetic alterations in cancers, and the multipatient "genome-wide" scope of these studies requires novel interpretation methods, such as functional (systems) analysis, in which the sets of altered genes are interpreted in terms of protein networks, pathways, and cellular processes (2) (3) (4) (5) (6) (7) (8) (9) (10) . Arguably, the most important functional finding was that sets of "driver" somatic mutations vary widely between cancers of different origins but hit the same (surprisingly few) major pathways (11) (12) (13) (14) (15) (16) (17) . In other words, clonally selected genetic perturbations are not random but follow the natural functional clustering of human proteins in cellular processes and pathways rather than individual genes (2, 11, 12, 14, 15, 18) . The pathways are linked into a complex interconnected cellular network, which can be represented in different modules, depending on algorithms used and the source of protein interactions (19) (20) (21) (22) (23) (24) (25) (26) . Cancer subnetworks calculated by different means were tested as phenotype-predictive biomarkers (23) (24) (25) and for hypothesis generation on novel drug targets (27) .
There are few studies on comparative analysis of genetic alterations in different cancers. Ali and Sj€ oblom (28) attempted to identify core cancer pathways on the basis of breast cancer, colon cancer, glioblastoma, and pancreatic cancer mutomes. Although useful, these studies did not explicitly address a number of important issues in carcinogenesis, including the cancer specificity of mutations and other alterations, the relative impact of sequence alterations, amplifications, or deletions in cancer phenotype, and common versus cancer-specific pathways, among others. Integrative analysis of multiple data types in cancer and cross-cancer comparison is a nontrivial task due to very poor gene content overlap between the data sets. Thus, the pooled sets of amplified and mutated genes in breast cancer have a lower gene content overlap than expected by chance (29) . Only one gene, TP53, is commonly mutated in all 4 major cancer types (breast, colon, pancreatic, and glioblastoma) and not a single gene is commonly deleted or amplified. Standard cross-data set comparative methods are not helpful, as they are based on correlation between gene content levels, whereas a functional analysis approach could be useful in these cases (9, 30) .
Here, we attempted to answer some of the questions by analyzing 12 sets of genetically altered genes with amplifications, deletions, and sequence alterations from 4 different cancer types--breast, colon, and pancreatic cancer, and glioblastoma, (11, 12, 14, 15) by applying several novel methods of functional "meta-analysis" of generally nonoverlapping data sets, including synergy in ontology enrichment (29) , common regulators, and k similarity between ontology enrichment patterns (31).
Materials and Methods

Data preprocessing
Mutations, amplifications, and deletions were identified previously (11, 12, 14, 15) . For mutations, we converted HUGO Gene names into Entrez Gene IDs. Copy number alterations were identified in a similar manner in all of the corresponding articles (12, 14, 15) . The Illumina SNP (single nucleotide polymorphism) array data were analyzed as described by Leary and colleagues (15) . Fluorescence intensity image files were processed using Illumina BeadStation software to provide normalized intensity values (R) for each SNP position. For each SNP, the normalized experimental intensity value (R) was compared with the intensity values for that SNP from a training set of normal samples and represented as a ratio (called the "log R ratio") of log 2 (R experimental /R training set).
Homozygous deletions (HD) were defined as 2 or more consecutive SNPs with a ratio of log R À2. The first and last SNPs of the HD region were considered to be the boundaries of the alteration for subsequent analyses. Adjacent HDs separated by 2 or fewer SNPs were considered to be part of the same deletion. To identify the target genes affected by HDs, we compared the location of coding exons in the RefSeq databases with the genomic coordinates of the observed HDs.
Amplifications were defined by regions with an average log R ratio 0.9 or more, containing at least 1 SNP with a ratio of log R ! 1.4 and at least 1 SNP with a ratio of log R ! 1 every 10 SNPs. Amplifications greater than 3 Mb in size and groups of nearby amplifications (within 1 Mb) that were also greater than 3 Mb in size were removed.
Evaluation of network topology
Degree was calculated as the average number of protein interactions per protein from a given set by using MetaCore (Thomson Reuters) protein interaction database (32) . Because the interactions are directed, the nodes were characterized by IN and OUT degrees, that is, the average number of outgoing and incoming interactions (32) .
The clustering coefficient captures the degree connectivity between the protein(node)'s neighbors (33) . It is defined as: C i ¼ 2n i =k i ðk i À 1Þ, where n i is the number of interactions between the k i neighbors of node i.
Enrichment by protein function and ontology was carried out using standard tools of MetaCore as described (6) .
Upstream and downstream objects
For all gene lists, we identified upstream and downstream genes as their 1-step interaction neighbors. As all interactions in MetaCore Global Network are directed, each network object has a set of upstream objects, with outgoing links to the object, and downstream objects, with incoming links from the object. Therefore, the list of upstream (downstream) targets for each gene list of interest was defined as a complete set of upstream (downstream) objects for all genes in the list.
Relative connectivity of proteins inside the set (intraconnectivity), and between the set and the global interactome (interconnectivity), was calculated using MetaCore protein interaction database as described (29) .
Processes overview
To visually evaluate the degree of functional concordance between analyzed lists, we ranked ontology entities (processes) according to the degree they discriminate 1 gene list of interest in comparison with other lists of interest. We took as input the results of enrichment analysis in functional ontologies for each gene list--lists of processes with P value less than 0.05. We then created a united process table in which processes were in rows and gene lists in columns. We set P ij ¼ 1 if definite process (i) was not in a list of processes for some gene list (j). For each cell of the table, we calculated D value: difference between Àlog P for a process in the current column and maximal Àlog P for the same process in other columns of table:
The negative D values were set to zero. Therefore, each process has a nonzero D value only for 1 gene list. Then, we ranked processes consequently for each list so that value was sorted in decreasing order.
k statistics for interrater agreement was applied as published recently to compare the poorly overlapping gene lists or their congruency (31) .
Results
We analyzed 3 types of DNA alterations (amplifications, HDs, and "driver" somatic point mutations) described in 4 large-scale studies on exon resequencing of 4 common cancers [breast cancer (B), colon cancer (C), glioblastoma (G), and pancreatic cancer (P); refs. 11, 12, 14, 15; Supplementary Table S1 ; Supplementary Excel File S1]. The 12 gene lists (3 alteration types in 4 cancers) represented pooled data on all genomic alterations detected in primary tumors of 11 patients each in both breast and colon cancers, 22 patients in GBM, and 24 in pancreatic cancer.
We carried out a multidimensional functional analysis at 2 levels: (i) DNA alteration type level, aiming to understand commonalities and differences between sets of amplifications (A), point mutations (M), and deletions (D) between cancers (cross-cancer analysis); (ii) cancer-type level-to describe the differences between the 3 types of DNA alterations for each cancer (cross-data-type analysis). We also analyzed the nonredundant A þ M þ D unions for each cancer and B þ C þ G þ P unions for each alteration type to describe the common functional traits for each level.
Genetically modified gene content is generally unique across cancers and data types
First, we compared all 12 gene lists, based on the assumption that common functionality is defined by similar sets of altered genes (Fig. 1) . However, the data sets had very limited overlap between both cross-cancer and cross-data type. Not a single common gene was found among all 3 data types (A, M, D) in any of the 4 cancers. This observation may suggest different functional roles for amplifications, deletions, and mutations in carcinogenesis. Only one gene was altered at any level in all 4 cancers: the mutated TP53 tumor suppressor gene. The cross-cancer intersections between A, M, and D sets were small, with the majority of amplified, mutated, and deleted genes being unique for each cancer. This observation is illustrated by the similarity tree between 4 cancers, based on gene content using Cohen k values as the similarity metric ( Fig. 2A ; Supplementary Excel File S2). Although the gene intersections are small, the tree suggests that the gene content similarity is rather defined by the DNA alteration type rather than by the type of cancer. The impact of the DNA alteration type over the cancer type was also higher in the comparison of ontology enrichment patterns between the sets (ref. 31 ; Fig. 2B ; Supplementary Excel File S2). Thus, sets of amplifications for P, B, C, and G clustered together on multiple pathway and cell process ontologies level. Also, mutation and deletion sets mostly grouped together between different cancers.
Altered genes are highly connected and alteration typebiased in encoded functions
We evaluated the degree of connectivity of proteins encoded by the A, M, and D data sets and compared it with the general connectivity of the human "global network" (ref. 6;; Supplementary Excel File S3). In general, genetically modified genes averaged more interactions than expected (10 of 12 data sets, except for amplifications and deletions in breast cancer; Fig. 3 ). In all cancers, the sets of genes with "driver" mutations were more enriched in "hubs" than the sets of amplified and deleted genes. On an average, mutated genes had 3-to 7-fold more interactions than an average human protein, even after removal of the major hub TP53 from the lists (Supplementary Excel File S3).
Protein function profiles were significantly different between the sets (Supplementary Excel File S4). For instance, in colon cancer, there were twice as many mutated receptors and amplified transcription factors (TF) and kinases as expected. Unsupervised hierarchical clustering of functional enrichment profiles shows that the sets clustered according to alteration level rather than by cancer type (Fig. 4) . Thus, deletion sets in all cancers except for colorectal formed a tight cluster with overabundant ligands and underrepresented enzymes and proteases, which further confirmed our hypothesis about differences in the functional landscape of colon cancer alterations. Mutation sets for the same 3 cancers (B, P, and G) formed another cluster.
Unique and common processes and pathways affected in different data sets
We conducted an ontology enrichment analysis (EA) of all 12 data sets (Supplementary Excel File S5-S9) to determine the commonality and differences between the individual sets of alterations (data type Â cancer) between cancers (unions of A þ M þ D) and data types (unions of B þ C þ P þ G). Ontology entities were ranked according to the degree they discriminate one set of alterations from all others by D score (Supplementary Excel File S10). As expected, all 12 sets were heavily enriched in cellular processes related to carcinogenesis. However, the vast majority of top-ranked pathways and processes were unique for each set (Supplementary Excel File S11). Thus, deletions in glioblastoma were highly enriched in immune response pathways, such as the Classical complement pathway. This is probably due to codeletion with a cyclin-dependent kinase (CDK) tumor suppressor, CDKN2A, which was the case in 9 of 14 glioblastoma samples. Deleted genes in pancreatic cancer mostly took part in apoptosisrelated pathways, whereas mutations in pancreatic cancer hit mostly development pathways.
Core synergistic pathways are shared between cancers despite different gene content levels
To determine whether different sets of altered genes alter biological functions cooperatively, we evaluated synergy in enrichment distributions between data types and cancers (Supplementary Excel File S12). A pathway or a process was considered as synergistically affected if its enrichment P value for the nonredundant union of examined sets was lower than each P value for individual sets (29) . Synergy ranking, therefore, reflected the degree of functional "cooperation" between the altered genes of different types, regardless of their gene overlap. The top-scored synergistic pathway maps for all 12 sets included epidermal growth factor receptor (EGFR) signaling via phosphatidylinositol (3,4,5)-trisphosphate (PIP3), G 1 /S transition in cell cycle, protein kinase A (PKA) signaling, and multiple development pathways [leptin, estrogen receptor (ESR) 1, ESR2, HGF (hepatocyte growth factor), and Wnt signaling; Supplementary Table S2] .
Ontology synergy was pronounced both at the cancer level and at the DNA alteration level. Each cancer featured a particular distribution of synergistic pathways and processes. The top synergistic pathways for breast cancer were G 1 /S transition in cell cycle, transport of CDKs/cyclins, and Brca1 regulation of DNA damage control. In colon cancer, these were EGFR signaling via both PIP3 and small GTPases, gastrin Figure 2 . k-based similarity trees between sets of mutations, deletions, and amplifications for colon, breast, and pancreatic cancers and glioblastoma. A, similarity of gene content; B, similarity of enrichment distribution in the gene ontology (GO) processes; C, similarity of the sets of upstream regulators for each alteration set. Upstream regulators were identified as the 1-step "neighbors" of the genes in the alteration sets defined by directed binary protein-protein interactions. Red boxes, similarity is predominately defined by the DNA alteration level; blue boxes, similarity is mostly defined by the type of cancer.
signaling, and ERBB family signaling; in pancreatic cancerapoptosis, PKA signaling, and cytoskeleton remodeling; and in glioblastoma--apoptotic pathways, G 1 /S transition, and p53-dependent transcription (Supplementary Table S2 ).
Although differentially affected in different cancers, the synergistic pathways are interconnected and form remarkably similar core network structures in all 4 cancers (Supplementary Fig. S1-S4 ). All "core pathway reconstructions" include regulation of cell proliferation and cell cycle via TGF-b receptors, SMAD2, 3, 4, PIP3 kinase (PIP3K) signaling, and CDK2, 4, 6. Different versions of PIP3K (which is frequently mutated) signaling are also common in all 4 cancers. The core pathways are then linked by protein interactions with the pathways affected by alterations in a cancer-specific manner, including Brca1 signaling in breast cancer, PKA and ESR-ERK (extracellular signal-regulated kinase) signaling in pancreatic cancer, plasmin-fibronectin-laminin pathways in colon cancer, and NGF (nerve growth factor)-PIP3K signaling in glioblastoma.
Key upstream and downstream interactions of genetically altered genes and "universal cancer genes"
Data sets that are functionally similar but different in gene content levels often have common regulator genes (31). We identified the sets of 1-step upstream and downstream objects (proteins and complexes) for all 12 alteration data sets and 7 unions using the MetaCore collection of 300,000 protein interactions as the source of connectors (Supplementary Excel File S13). We expected that the sets of upstream objects would provide clues about common and unique regulation of amplified, mutated, and deleted genes and that the set of downstream objects would provide information about the common and unique processes and pathways affected by DNA alterations in different cancers (Supplementary Excel File S14).
First, we compared similarity between 12 upstream and downstream data sets using the k-based similarity approach ( Fig. 2C; Supplementary Excel File S2) . The downstream sets clustered in a DNA-level favored grouping pattern, similar to the patterns described earlier for gene content and functional enrichment categories. However, the upstream data sets tended to group based on cancer rather than DNA alteration type. Such patterns may suggest common regulation of DNA level changes in a cancer-type-dependent manner.
Second, we identified TFs, ligands, receptors, kinases, proteases, and proteins of other functions that were overconnected with the proteins encoded by altered genes. P value ranking of overconnected proteins provides an intuitive hypothesis generation overview of the most relevant upstream regulators and downstream effectors for a given data set (29) . In general, intraconnectivity was lower than expected within all sets, which suggests a lack of functional dependency between mutated or amplified or deleted proteins in any cancer (Supplementary Excel File S15). We observed several trends. First, there were disproportionally more overconnected objects (i.e., proteins and protein complexes) for the subsets of unique genes than subsets of common genes in all 12 cases. Each set of altered genes had a unique set of interacting TFs, kinases, receptors, and ligands. For instance, in breast cancer, amplifications were overconnected with LXR-b and TR-a, whereas the mutated genes were overconnected with TFIIE (Supplementary Excel File S16). Second, every type of cancer (defined as a union of A, M, D for each cancer) and every type of alteration (union of B, C, G, P for each type) were associated with a unique set of TFs, kinases, receptors, and ligands (Supplementary Table S3) . At the DNA level, the unique TFs for amplifications were LXE-b and TR-b; for mutations--STAT1, ERF7, and p73 (Supplementary Excel File S17).
To reveal common genes regulating or regulated by genetically altered genes in each cancer, we intersected sets of upstream and downstream objects correspondingly for all 12 sets. Despite low overlap between altered genes in the sets, we found 34 common downstream and 47 common upstream genes, which we called "universal cancer genes" (UCG; Supplementary Excel File S18). Sixteen genes were common for 2 sets, which is expected, given the highly connected hub proteins participating in the overlapping signaling pathways. The "universal" genes had several distinct features. First, they were disproportionally enriched with oncogenes and tumor suppressor genes, many of which were altered in at least one cancer. In total, both lists contained 20 tumor suppressor genes and 35 known oncogenes. Interestingly, all altered tumor suppressors were either mutated or deleted, which is expected in invasive cancers. However, only 33% of oncogenes were amplified (an alteration assumed to "match" with the phenotype; the remaining 67% were either deleted or mutated). Second, both sets featured a disproportionally high fraction of TFs: 62% for upstream genes and 36% for downstream genes, a 10-and 5-fold enrichment compared with the 5.3% TF content of the human proteome (MetaCore database). Third, essentially all universal genes formed a tight network module, interconnected by 1-step physical protein interactions. The network mostly connected 2 series of pathways: regulation of proliferation and apoptosis and regulation of angiogenesis (Fig. 5) . Finally, ontology enrichment distributions for upstream and downstream universal genes had exceptionally low P values, which indicate high degree of functional connectivity between the encoded proteins, and many common pathways and processes and were highly synergic (Supplementary Excel File S19 and S20). Not surprisingly, "universal" cancer genes most densely populated key signaling pathways involved in carcinogenesis: Brca1-regulated transcription in DNA damage, PTEN pathway, TGF, and Wnt pathway in cytoskeleton remodeling, G 1 /S cell-cycle transition, p53 signaling, AKT signaling, and many others.
Integrative network models for each cancer type
As described earlier, we produced 3 "derivative" gene sets linked with the altered genes in each cancer type: (i) genes from "synergistic" pathways where mutated, amplified, and deleted genes cooperate; (ii) a set of "universal" cancer genes defined as genes that commonly interact with all 12 data sets; (iii) a set of "overconnected" genes defined as the genes with a disproportionately high number of protein interactions with the genetically modified genes in each cancer. We combined all 3 sets to come up with pathway models showing common and unique features for each cancer (Figs. 6 and 7) . The most common feature for all cancers comprises 2 overlapping subnetworks involved in regulation of the balance between cell proliferation and apoptosis (with the largest hub being p53) and regulation of angiogenesis (with the main pathway VEGFR-PKC-MEK1/2-IRK1/2-NF-kB-c-Jun). A third, smaller subnetwork includes a transcription modulation complex of histone H3, GCNS, p300, SAP30, and histone deacetylase class I, which is coupled with NOTCH signaling and NF-kB signaling. These common signaling and effector pathways of carcinogenesis are downstream of cancer-specific signaling defined by unique "overconnected" genes for each cancer. In the case of breast cancer, the most prominent unique signaling is through RNF20 kinase; for colon cancer, it is endothelin-EGF-VEGF-A signaling; for pancreatic cancer, thrombospondin 1-CD36-p38 MAPK signaling for apoptosis, DLL10 NOTCH for transcription, netrin 1-DSCAM-UNC5B signaling leading to nerve in-growth process accompanying vascular ingrowth. In the case of glioblastoma, the central unique element is nucleostemin, which is shown to participate in carcinogenesis. This gene is connected with MDM2, TRF1, and p14 ARF, which are linked to p53 to carry out regulation of the balance between apoptosis and proliferation (Fig. 5B) .
Discussion
We compared the sets of 3 genetic alterations: sequence alterations, deletions, and amplifications in breast, colon, and pancreatic cancer and glioblastoma using multipatient pooled resequencing data (11, 12, 14, 15) . We aimed to understand the relative impact of 2 factors: the cancer type (tissue and microenvironment) and the alteration type in each data set and to identify the commonalities and uniqueness in the functional landscape evolved in cancer alterations.
Most of the genetically modified genes were unique in each data set with very limited overlap. Vast majority of altered genes were altered uniquely in just one cancer type but not the Figure 6 . Examples of cancerspecific connectivity between universal genes, unique overconnected genes, and pathways cooperatively affected by genetic alterations for breast cancer and colon cancer. A, breast cancer; B, colon cancer. The network objects represent proteins and complexes; the links between objects--biological interactions (green links for activation, red links for inhibition). See Supplementary Figure S5 for a complete legend on objects and links.
others. Enrichment analysis also showed that the narrowly defined pathways and processes are uniquely affected in each set. This observation supports the general knowledge of high heterogeneity among human cancers.
By definition, each set of altered genes was impacted by both the type of genetic alteration and the type of cancer. Using k statistics (31), we calculated the relative impact of both "cancer" and "alteration" trends in the data sets and found that the type of alteration is relatively more important than the type of cancer at both the gene content and functional distribution levels. However, we found that common upstream regulation of the altered genes is cancer specific rather than alteration type specific.
None of the 12 data sets were functionally self-sufficient, that is, the altered genes of any type would not form concise networks and did not belong to a particular process or pathway. This assumes functional cooperation between different types of altered proteins in carcinogenesis.
As most altered genes were unique for each set, the sets were essentially incomparable at gene level. However, we applied several methods of functional analysis to establish connectivity and functional cooperation between the sets. Thus, we calculated the degree of cooperation by using the enrichment synergy approach (29) and found that TGF-b signaling, EGFR signaling via PIP3, G 1 /S transition in cell cycle, and several development pathways are the most synergistic among all cancers. These are among the very few signaling pathways that are commonly affected by driver somatic mutations in different cancers (11) (12) (13) 15) . The synergy findings further confirm the importance of these key pathways in carcinogenesis.
Although the primary alteration sets did not statistically significantly overlap, their interaction partners formed a cohesive set of 65 "UCGs" (37 upstream and 47 downstream genes, with 16 overlapping genes). Unlike the primary alteration sets, the "universal" genes formed a highly significant Figure 7 . Examples of cancer-specific connectivity between universal genes, unique overconnected genes, and pathways cooperatively affected by genetic alterations for pancreatic cancer and glioblastoma. A, pancreatic cancer; B, glioblastoma. The network objects represent proteins and complexes; the links between objects--biological interactions (green links for activation, red links for inhibition). See Supplementary Figure S5 for a complete legend on objects and links.
direct interaction network and, as a set, were highly enriched in cancerogenesis pathways and processes. Many "universal" genes are known as cancer suppressor genes and oncogenes. Interestingly, all "universal" tumor suppressors happen to be either mutated or deleted (but never amplified) in at least one cancer, which indirectly confirms the high quality of the original data. In contrast, oncogenes were equally likely to be amplified, deleted, or mutated.
We have also identified the sets of TFs, ligands, receptors, kinases, and proteases overconnected with the genes from the set via protein interactions. The degree of overconnectivity reflects the relative functional importance of a gene for the data set (29) . In general, intraconnectivity within the sets was lower than expected, which suggests a low functional correlation between mutated, amplified, or deleted proteins in any cancer and the necessity of cooperation between differently modified proteins and normal proteins in pathways and processes. This is in agreement with our earlier observation of a lack of functional self-sufficiency within amplicons in breast cancer (29) . Interestingly, the 12 alteration sets were clustered mostly in accordance to cancer type, not alteration type, when compared with common upstream regulators.
Analysis of the "derivative" gene lists allowed us to hypothesize that carcinogenesis may be carried out as a combination of common signaling and "effector" pathways (cell-cycle regulation, cytoskeleton remodeling, development signaling, etc.) populated by highly connected hub proteins (encoded by "universal" cancer genes such as p53, Brca1, b-catenin, SMADs, etc.) and unique "boutique" pathways defined by cancer-specific proteins with very few interactions. This model is similar to a road map that combines highly traveled (but few) freeways and hierarchically organized networks of small country roads, unique for the geography. It has been shown that, indeed, a combination of common hubs and proteins with few interactions defines the uniqueness of biological networks and their socalled "small world and scale-free" behavior (34) . This model also helps to explain poor overlap among the genetically altered gene sets and very high heterogeneity of genetic modifications in individual tumors in general. We have built cancerogenesis models for all 4 cancers by using the UCGs, unique overconnected genes, and common "synergistic" pathways as building blocks. The models, although different in details, are all centered on the 2 subnetworks consisting of "universal genes" that control regulation of key decision points in carcinogenesis, including apoptosis, cell proliferation, and angiogenesis.
Sampling error may play a role in data interpretation. Very likely, there would be more unique cancer-and alteration-level genes identified with the larger number of primary tumor samples resequenced, due to high genetic heterogeneity of human cancers. However, we believe that the main findings of our study would not be challenged because we are already dealing with large, extended, unique data sets (cancer type Â alteration type) and because gene content does not substantially overlap. It is an interesting statistical problem to calculate the number of samples needed to exhaust the pool of genetic alterations for each cancer type but this is beyond the scope of the current study.
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